Introduction
============

Background
----------

In recent years, China's health care industry has made a series of significant improvements, but it still faces many challenges, including uneven distribution of medical resources, imbalance between supply and demand, etc \[[@ref1],[@ref2]\]. One particularly enormous challenge lies in ensuring the availability and equal distribution of high-quality resources. Such resources are mainly concentrated in large hospitals located in large or medium-sized cities, which are difficult for patients in rural and remote areas to access \[[@ref2],[@ref3]\]. The number of physicians and nurses per 1000 persons in China is 2.06 and 2.13, respectively, which is much lower than in developed countries \[[@ref1]\].

In addition, in recent years, the use and penetration of mobile phones have grown in China because of the rapid development of technology and the obvious reduction in cost \[[@ref1],[@ref4]\]. China now ranks among the countries with the highest number of smartphones per capita \[[@ref5]\]. With this proliferation of mobile technology, mobile health (mHealth) has become the main driving force in the health care industry. mHealth can be defined as the delivery of health care services through mobile technologies, which mainly comprise online consultations, appointment registration, and health recommendations \[[@ref6]\]. Among these apps, appointment registration services, a fundamental and vital channel through which patients seek medical resources, have gained particularly widespread acceptance in China. With the rapid development of mobile technologies and the continuing penetration of mobile devices, mHealth has become a valuable tool and popular option to improve health care and service delivery in underserved regions \[[@ref7]-[@ref9]\]. Chinese government agencies have made policy decisions to support and promote the growth of this important emerging industry \[[@ref10]\]. Health care companies and hospitals have begun to pay attention to this issue and have been attempting to provide health services directly to patients through mobile and wireless technologies. These services have the potential to be highly beneficial, especially for patients in rural and remote areas.

Although mHealth presents many opportunities for improving health care delivery, its adoption and use have been low \[[@ref2],[@ref7],[@ref11],[@ref12]\]. A robust body of work in information systems has studied factors associated with mHealth adoption and use \[[@ref11],[@ref13]-[@ref15]\]. Although extant studies have explored and discussed reasons for these low adoption rates \[[@ref14],[@ref16]\], empirical research examining this question from the perspective of resource competition is still rare. Previous studies have revealed that a growing number of patients who ordinarily seek health care services offline will move to online channels when medical resources are limited, which will inevitably affect patients' adoption and use of mHealth \[[@ref11],[@ref15]\]. However, extant studies of mHealth adoption have mainly focused on patient-related factors, ignoring the impact of the external environment on technology adoption \[[@ref17],[@ref18]\]. In the context of health care in China, the impact of external factors such as resource scarcity and accessibility caused by lack of and uneven distribution of medical resources on patients' technology adoption behavior is still unclear.

This paper aims to explore the impact of resource scarcity and resource accessibility on the adoption of mHealth from the perspective of resource competition, to examine the factors involved, and to provide a theoretical basis for promoting mHealth in China. In this research, we pose the following questions:

1.  How do resource scarcity and accessibility affect the adoption of mHealth by patients in China?

2.  How does patient experience with mHealth moderate the relationship between resource scarcity, resource accessibility, and adoption of mHealth?

3.  Does mHealth play a role in the delivery of medical resources?

To answer these questions, we use a dataset of 227,539 outpatient registration records from both online and offline channels to conduct an empirical study. In the next section, we review the related literature. After we construct a conceptual model and develop 4 hypotheses, we present our research method and report our results. Finally, we discuss our research implications and note some limitations.

Literature Review and Theoretical Background
--------------------------------------------

### Mobile Health Services

With the rapid development of mobile internet technology and growing prevalence of smartphones, mHealth has become an increasingly practical, innovative approach to health care delivery, especially in rural and remote areas \[[@ref19]-[@ref21]\]. Many applications for mHealth services have been reported in the extant literature, including chronic disease management \[[@ref22],[@ref23]\], mental health services \[[@ref24]\], health solutions for pregnant women and teenage youth \[[@ref25]-[@ref27]\], and health monitoring \[[@ref28],[@ref29]\].

mHealth overcomes geographical boundaries, enhances the equity and accessibility of medical resources, and provides an effective channel for patients in rural and remote areas to access medical services \[[@ref30],[@ref31]\]. At present, hospitals provide a variety of services through mobile platforms available in China, which mainly include the WeChat platform and independently developed applications. Services provided comprise online consultation \[[@ref32],[@ref33]\], appointment registration \[[@ref7],[@ref30],[@ref34]\], electronic medical prescription, and online payment. Among these services, appointment registration is the service most heavily utilized, with which our study is most concerned. Previous studies have shown that experience has a positive significant impact on patients' adoption of mHealth \[[@ref13],[@ref16],[@ref35]\]. In the context of mobile registration, historical registration records provide us with patients' experience-related data, affording us an empirical context to demonstrate the moderating effect between resource competition and patients' adoption of mHealth.

### Medical Resource Scarcity and Accessibility

Health care issues, which include aging populations, chronic illnesses, rising costs, and access disparities, represent a major challenge in China \[[@ref3],[@ref4],[@ref12]\]. As previously mentioned, the numbers of physicians and nurses per 1000 residents (2.06 and 2.13, respectively in 2014) are relatively inadequate compared with those of developed countries \[[@ref1]\]. The shortage and uneven distribution of medical resources is in fact the underlying reason for a number of current health care problems \[[@ref3]\].

The finiteness of medical resources results in their scarcity, leading to a supply and demand problem in which the supply of medical resources cannot meet the growing demand of the people, who want access to these knowledge-intensive services when they are sick \[[@ref36],[@ref37]\]. This results in competition among patients. Obviously, hospitals can only provide limited services to patients every day; thus, only patients who have registered can access medical services. With the development of internet technology and smart devices, patients can now access medical resources via both online (eg, online registration for medical appointments) and offline channels (eg, registered via full service or self-service in a hospital) \[[@ref30]\]. Competition for medical resources will lead to behavioral changes. In this context, the online channel is an important supplement to the offline channel, and patients will compete for medical resources via these 2 channels. This change in behavior will affect patients' adoption of technology. On the basis of these arguments, the impact of medical resource competition on patients' adoption of technology is very worthy of examination.

### Extending Channel Complementarity Theory to mHealth Adoption

Technology adoption in health domains has attracted wide attention of scholars and has been studied from many theoretical perspectives such as technology acceptance model, social exchange theory, and identity theories \[[@ref38]-[@ref40]\]. On the basis of channel complementarity theory, this study focuses on the impact of external environment (resource scarcity and accessibility) on technology adoption. Dutta-Bergman constructed channel complementarity theory and suggested the idea of media complementarity \[[@ref41],[@ref42]\]. Channel complementarity theory argues that individuals will use any available channel to meet their needs \[[@ref43]\]. We conceptualize the process of appointment channels selection as an individual information acquisition process by drawing on the theory of channel complementarity. With the development of internet technologies and mHealth, a variety of services channels are emerging. Patients will choose any available channels to obtain needed medical resources, including mobile service channel (online) and traditional channels (offline). The complementary or displacement effects of the channels are manifested under the influence of the external environment. In our research context, the scarcity of medical resources will lead to the competition of patients for medical resources, thus affecting the choice of patients' service channels and ultimately affecting patients' technology adoption. In addition, the accessibility of medical resources for patients is varying, which will inevitably affect the choice of service channels and the adoption of mHealth.

Research Model and Hypotheses
-----------------------------

Extant studies mainly focus on the impact of individual characteristics or technological factors on adoption of mHealth \[[@ref44]-[@ref46]\]. To our knowledge, few studies have considered the impact of the external environment, which may also exert a great influence on patients and their behavior \[[@ref11],[@ref15]\]. Therefore, we believe that it is necessary to address this gap by studying the impact of the external environment on the adoption of mHealth. In this study, the external environment is characterized in reference to the scarcity and accessibility of medical resources. The scarcity of medical resources is measured according to the patient's choice of 1 of 2 different physician types, chief physician (higher value, more scarce) or associate chief physician (lower value, less scarce). Accessibility is measured by the distance from the patient's location to the hospital. In addition, we examine the moderating role of experience with mHealth in the relationship between medical resource scarcity and accessibility and mHealth adoption. The conceptual model of our research is illustrated in [Figure 1](#figure1){ref-type="fig"}. The research hypotheses in detail are presented as follows.

![Conceptual model. H: hypothesis.](mhealth_v7i8e13491_fig1){#figure1}

### Medical Resource Scarcity

We define the scarcity of medical resources as limited medical resources relative to people's diverse health needs. In this study, we use the value and abundance of medical resources to measure resource scarcity. When patients compete for medical resources, they are mainly competing for medical resources of different values. Medical resources of high value are relatively scarce, presenting the problem of unbalanced supply and demand. Patients' competition for high-value medical resources is more intense, compared with the competition for lower-value medical resources. Mobile registration service provides patients with a very important online channel through which all patients with a smart device can access medical resources. As overall competition intensifies, traditional offline competition will certainly shift to online channels so that patients will compete for medical resources via mHealth platforms. Therefore, we can use medical resource scarcity as a measurement dimension of resource competition to examine the impact of medical resource competition on the adoption of mHealth.

Mobile registration services in China mainly provide 2 types of medical resources, patients may choose to make an appointment with a chief physician or with an associate chief physician. The difference between these 2 practitioner types lies in their level of expertise, so chief physicians are of higher value for patients and competition for appointments with them is more intense. According to channel complementarity theory, patients will meet their medical needs through all channels that can obtain the required medical resources, and mHealth just provides such opportunities and channels. Patients will compete for these 2 types of medical resources through both offline and online channels, including mobile registration. Therefore, the scarcity of resources will affect the channel choice of patients. On the basis of these arguments, we hypothesize the following:

H1: Medical resource scarcity has a significant positive impact on the adoption of mHealth. The adoption rate of mHealth is high when medical resources have a higher value.

### Medical Resource Accessibility

Accessibility of medical resources refers to the degree of difficulty for patients to access medical resources, and distance is an important indicator to measure the accessibility of medical resources. Medical resources are unevenly distributed because of the regional imbalances of economic development in China, which result in lower resource accessibility for many patients. High-quality medical resources are mainly concentrated in large hospitals in big cities, making it difficult for patients in rural and remote areas to access them. As the distance between the patient and the hospital increases, the accessibility of medical resources, especially those of higher quality, will decrease concurrently. In addition to the cost of medical treatment, more remote patients face additional costs such as transportation and accommodations. We hypothesize that to reduce these associated costs, patients who are far away from the hospital will generally register via mHealth service and confirm that the registration is successful before they go to the hospital.

According to the channel complementarity theory, patients with lower accessibility of medical resources will show channel displacement effect, that is, they will reduce medical costs through the mobile channel. Therefore, we can safely assume that the accessibility of medical resources may affect patients' adoption of mHealth. Distance to the hospital can be used as a measure of medical resource accessibility and can be used to examine the impact of accessibility of medical resources on the adoption of mHealth. In this context, we believe that the accessibility of medical resources is low for patients who are far away from the hospital. To compensate for this disadvantage, patients must use mHealth services as a tool to obtain medical resources. Thus, we formulate the following hypothesis:

H2: The accessibility of medical resources associated with mHealth is negatively related to patient adoption of mHealth. Patients who must travel longer distances to a hospital have a higher mHealth adoption rate.

### The Moderating Effect of Experience

Existing studies have shown that experience with mHealth has a positive impact on its adoption \[[@ref7],[@ref13],[@ref47],[@ref48]\]. In this study, we agree with this argument and will further confirm it in the following empirical section. In doing so, we draw on the attribution theory, which argues that people tend to attribute their actions to the conditions of the external environment and as a result, they may limit their actions \[[@ref49],[@ref50]\]. In the context of our research, the scarcity and accessibility of medical resources are the external environmental factors that may limit patients' adoption of mobile services, and the experience of success or failure with mobile registration will affect patients' attribution. Attribution of previous successes or failures in a specific action (in our case, mobile registration) will affect patients' expectations, emotions, and efforts the next time they have the opportunity to use mobile registration. Patients' experiences with mobile registration are often unsuccessful or may even fail because of the scarcity of and competition for medical resources. This unsuccessful or failed experience has a certain impact on the relationship between resource scarcity, accessibility, and adoption of mHealth. Therefore, it is necessary to study the moderating role of patient experience in the relationship between resource scarcity, accessibility, and the adoption of mHealth. In our research context, we argue that this moderating effect is negative. On the basis of the arguments above, we propose the following hypotheses:

H3: Experience with mHealth has a negative moderating role in the relationship between medical resource scarcity and patients' adoption of mHealth.

H4: Experience with mHealth has a negative moderating role in the relationship between accessibility of medical resources and patients' adoption of mHealth.

Methods
=======

Research Context
----------------

In this study, our research environment is Tongji Hospital, which is a large, tertiary, multispecialty referral hospital in China. Founded in 1900 by Dr Erich Paulun, a German physician, Tongji Hospital is an innovative modern hospital integrating medical care, teaching, and research \[[@ref51]\]. In addition, Wuhan Tongji Hospital is one of China's top 10 most well-known hospitals, according to Fudan rankings. Tongji Hospital has offered a mobile online appointment registration service since 2014, utilizing platforms such as WeChat, the E-Tongji app, and some third-party registration platforms such as Guahao website and the China Mobile 12580 platform (see [Figure 2](#figure2){ref-type="fig"} for snapshots of the WeChat platform and E-Tongji app). Tongji Hospital offers traditional offline registration channels as well. The hospital provides 2 types of medical resources, chief physician and associate chief physician, which, as mentioned above, are accorded different values, as patients in China tend to value chief physicians over associate chief physicians. Both resource types are in short supply, providing a suitable environment for us to study the impact of resource scarcity on the adoption of mHealth. Patients in Tongji Hospital come from many provinces in China, providing us with a wide range of distance to hospital measurements, which we use to gauge the accessibility of medical resources for each patient.

![Tongji hospital registration snapshots from the WeChat platform and E-Tongji app.](mhealth_v7i8e13491_fig2){#figure2}

Sample and Data Collection
--------------------------

In our research, we used 4 specific datasets. The first comprised 229,516 original registration records of outpatients from both online and offline channels. The registration records were collected from the appointment and registration platform of the Optical Valley branch of Wuhan Tongji Hospital between June 2016 and May 2017. All registration records were anonymized in accordance with patient privacy regulations. Each registration record contains patient's age, patient's gender, type of medical resource (chief physician or associate chief physician) selected, a variable for prior experience with mobile registration, and the first 7 digits of the patient's mobile phone number. The second dataset contains the travel distance between the city in which the patient is located and the Optical Valley branch of Wuhan Tongji Hospital, as calculated by Baidu Map. The third dataset was used to obtain patients' location by linking patients' mobile phone numbers to publicly available city information. A patient's city of residence was deduced based on the first 7 digits of their mobile phone number (similar to what one can do using area codes in the United States). Any incomplete or erroneous records were removed to ensure the reliability of the results. Of the 229,516 original registration records, a total of 227,539 (99.14%) records were analyzed after screening.

Variables and Models
--------------------

Our research variables are presented in [Table 1](#table1){ref-type="table"}. Gender and age of patient are control variables. The independent variables are experience, resource scarcity, and resource accessibility. Experience with mHealth is identified according to whether the patient has previously used a mobile registration service. Resource scarcity is measured by medical resource type (chief physician or associate chief physician). In a microenvironment (a specific hospital), there are generally fewer physicians with higher title than those with lower title, which indicates that they are more scarce. Resource accessibility is measured by distance from patient location to the hospital. Adoption of mHealth, which we define as patient registration via any of the several mHealth service channels, serves as the dependent variable. The available mHealth service channels include the WeChat platform, E-Tongji app, and some third-party registration platforms.

###### 

Definition of variables.

  --------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
  Variable                      Definition and measurement                                                                                                                                                                    Symbols                                                                                                                   
  ----------------------------- --------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------- ------------------------------------------------------------------------------------------------------------------------- --------
  **Dependent variable**                                                                                                                                                                                                                                                                                                                                

  \                             Adoption                                                                                                                                                                                      A binary variable was used to measure whether the patient made an appointment via mobile health service; 0=never, 1=yes   ---^a^

  **Independent variables**                                                                                                                                                                                                                                                                                                                             

  \                             Resource scarcity (RS)                                                                                                                                                                        RS is measured by the type of medical resource; 0=associate chief physician, 1=chief physician                            RS

  Resource accessibility (RA)   RA is measured by distance to the hospital; 1=less than 300 km, 0=more than 300 km. 300 km is the distance from the farthest city in the province to the city where the hospital is located   RA                                                                                                                        

  Experience (EXP)              Whether patients have experience with mobile registration service; 0=no, 1=yes                                                                                                                EXP                                                                                                                       

  Gender                        Value 0=a male patient and value 1=a female                                                                                                                                                   ---                                                                                                                       

  Age                           Patient age in years                                                                                                                                                                          ---                                                                                                                       
  --------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

^a^Not applicable.

We conducted logistic regression using SPSS version 23.0 to test our research hypotheses. For this study, our analysis comprises 3 steps. In the first step, we estimate our model using only control variables. Second, we add the main effect, including experience, resource scarcity, and resource accessibility. Finally, we incorporate the interaction effect into our model. The full empirical model can be expressed as follows:

logit (*Y*~i~)

= β~0~+ β~1~ Gender~i~+ β~2~ Age~i~+ β~3~ Experience~i~

\+ β~4~ ResourceScarcity~i~+ β~5~ ResourceAccessibility~i~

\+ β~6~ ResourceScarcity~i~×Experience~i~

\+ β~7~ ResourceAccessibility~i~×Experience~i~+ε~i~

where β~0~ is the constant term. β~1~ and β~2~ are the coefficients associated with control variables. β~3,~ β~4,~ and β~5~ are the coefficients associated with examined variables. β~6~ and β~7~ are the coefficients of interaction terms. Gender~i~, Age~i,~ and Experience~i~ represent patient characteristics. ResourceScarcity~i~ and ResourceAccessibility~i~ account for the external environment of medical resource competition. ε~i~ is the error term.

Results
=======

Descriptive Study
-----------------

The descriptive statistics and correlations for variables in our study are shown in [Table 2](#table2){ref-type="table"}. The adoption rate of mobile services for outpatients was low, accounting for only 31.5% (N=71,707) and the mean age of outpatients was 37.109 years (SD 18.987). The results indicate that the dependent variables are correlated with the independent variables, and the correlation between study variables and control variables is low. These results show that multiple collinearity is not a significant problem in our research, which guarantees the accuracy of the model estimation.

###### 

Descriptive statistics and correlation matrix (N=227,539).

  Variable number   Descriptive statistics construct   Mean (SD)         Variable number                                     
  ----------------- ---------------------------------- ----------------- ----------------- ----------- ---------- ---------- ----------
  1                 Age of patient                     37.109 (18.987)   1.000^a^          ---^b^      ---        ---        ---
  2                 Gender of patient                  0.549 (0.498)     0.058^c^          1.000       ---        ---        ---
  3                 Experience                         0.193 (0.395)     −0.027^c^         0.031^c^    1.000      ---        ---
  4                 Resource scarcity                  0.510 (0.499)     0.009^c^          −0.009^c^   0.033^c^   1.000      ---
  5                 Resource accessibility             0.107 (0.309)     0.009^c^          0.020^c^    0.012^c^   0.006^d^   1.000
  6                 Adoption                           0.315 (0.465)     −0.077^c^         0.019^c^    0.093^c^   0.010^c^   0.294^c^

^a^Correlations between 2 variables are calculated using Pearson correlation analysis.

^b^Not applicable.

^c^*P*\<.001.

^d^*P*\<.005.

Empirical Results
-----------------

The regression results are presented in [Table 3](#table3){ref-type="table"}. Model 1 includes only control variables--- *gender* and *age* ---which are both significantly related to the adoption of mHealth. Specifically, patient age has a significant negative impact on the adoption of mHealth and patient gender has a significant positive relationship to the adoption of mHealth. Model 2 includes the main effects, in addition to the control variables. We find that all the main effects' coefficients are significant. Experience with mHealth and medical resource scarcity are significantly positively related to the adoption of mHealth, whereas medical resource accessibility is significantly negatively related. Model 3 includes the interaction terms, in addition to the main effects and control variables. In model 3, all the main effects' coefficients are significant, which is consistent with model 2. The interaction effects have significant negative coefficients.

###### 

Regression results.

  Variable                              Model 1             Model 2             Model 3
  ------------------------------------- ------------------- ------------------- -------------------
  Constant                              −0.504 (0.011)^a^   −1.045 (0.013)      −1.067 (0.013)
  Age of patient                        −0.009^b^ (0.000)   −0.009^b^ (0.000)   −0.009^b^ (0.000)
  Gender of patient                     0.102^b^ (0.009)    0.073^b^ (0.010)    0.073^b^ (0.010)
  Experience with mobile health (EXP)   ---^c^              1.484^d^ (0.011)    1.568^d^ (0.017)
  Resource scarcity (RS)                ---                 0.404^b^ (0.010)    0.435^d^ (0.011)
  Resource accessibility (RA)           ---                 −0.104^d^ (0.015)   −0.134^d^ (0.017)
  RS×EXP                                ---                 ---                 −0.129^d^ (0.022)
  RA×EXP                                ---                 ---                 0.138^d^ (0.037)
  Log-likelihood                        282,093.080         262,017.222         261,970.485
  Cox and Snell R-square                0.007               0.090               0.091
  Nagelkerke R-square                   0.009               0.127               0.127

^a^The values in parentheses are standard deviation.

^b^*P*\<.01.

^c^Not applicable.

^d^*P*\<.05.

In H1, we posited that medical resource scarcity has a significant positive impact on the adoption of mHealth, which occurs at a high rate when medical resources have a higher value. As shown in [Table 3](#table3){ref-type="table"}, the coefficients of medical resource scarcity are positive and significant in model 2 (beta~4~=.404, *P*\<.05) and model 3 (beta~4~=.435, *P*\<.05). Therefore, H1 is supported. In H2, we hypothesized that the accessibility of a medical resource associated with mHealth is negatively related to the adoption of mHealth, so that patients who must travel a greater distance to the hospital would have a higher adoption rate of mHealth. As shown in [Table 3](#table3){ref-type="table"}, the coefficients of medical resource accessibility are negative and significant in model 2 (beta~5~=−.104, *P*\<.05) and model 3 (beta~5~=−.134, *P*\<.05). Thus, hypothesis H2 is supported. In H3 and H4, we posited that experience with mHealth has a negative moderating role in the relationship between medical resource scarcity and patients' adoption of mHealth, whereas medical resource accessibility has a positive moderating effect. The interaction effects' coefficients are significant in model 3 (beta~6~=−.129, *P*\<.05; beta~7~=.138, *P*\<.05), thus supporting hypotheses H3 and H4. In the next section, we will test the robustness of our models.

Robustness Check
----------------

To obtain a more fine-grained understanding of our sample, we conducted visualization analysis of the geographical distribution and registration channels of outpatients. In our sample, 206,327 of 227,539 outpatients (90.68%) who registered through both online and offline channels were from Hubei Province. To demonstrate the geographical distribution characteristics of the patients who used online channels, we identified the number of patients by distinct colors at the national and provincial level. The visualization results are shown in [Figure 3](#figure3){ref-type="fig"}. At the national level (see [Figure 3](#figure3){ref-type="fig"}) and among those patients who registered online, most patients (N=65,760, 91.71%) came from Hubei Province, followed by Henan and other neighboring provinces. Within Hubei Province (see [Figure 3](#figure3){ref-type="fig"}) and among those patients who registered online, a total of 53,047 (80.67%) patients came from Wuhan, with Ezhou (N=2328, 3.5%) ranking second and Huanggang (N=2181, 3.3%) ranking third. This visualization shows that at both the national and provincial levels, the number of patients who used online channels gradually decreased as the distance to the hospital increased.

We also examined the online channels used for registration, with [Figure 4](#figure4){ref-type="fig"} displaying the trends in proportional use of each channel. This graph shows that the WeChat platform displays an upward trend in proportional use each month between June 2016 and May 2017, whereas the use of the E-Tongji app decreases. Furthermore, the proportional use of the WeChat platform is higher than the E-Tongji app in all months. WeChat and the E-Tongji app constitute the official registration channels provided by the hospital directly, but in addition, unofficial channels, such as Guahao website and the China Mobile 12580 platform, constitute an intermediary platform. During our study period, the proportional use of official channels increased from 75.02% to 85.89%, whereas the proportional use of unofficial channels decreased from 24.97% to 14.11%.

On the basis of [Figures 3](#figure3){ref-type="fig"} and [4](#figure4){ref-type="fig"}, we find that most of the hospital's patients are concentrated in Hubei and that channel selection is relatively stable. The likely reason is that each province has its own medical resources. Therefore, we narrow our sample so as to only consider patients from Hubei and then test the stability of the models. In the robustness check, we incorporate medical resource accessibility as a continuous variable into the models, whereas other variable definitions remain unchanged. The results, presented in [Tables 4](#table4){ref-type="table"} and [5](#table5){ref-type="table"}, indicate that our models are stable when we control for the impact of geographical factors.

![Geographical distribution of patients who register online.](mhealth_v7i8e13491_fig3){#figure3}

![Trend in the proportional use of registration channels.](mhealth_v7i8e13491_fig4){#figure4}

###### 

Descriptive statistics and correlation matrix (N=206,327).

  Variable number   Descriptive statistics construct   Mean (SD)         Variable number                                      
  ----------------- ---------------------------------- ----------------- ----------------- ----------- ----------- ---------- ----------
  1                 Age of patient                     37.170 (19.148)   1.000^a^          ---^b^      ---         ---        ---
  2                 Gender of patient                  0.553 (0.497)     0.055^c^          1.000       ---         ---        ---
  3                 Experience                         0.194 (0.396)     −0.029^c^         0.028^c^    1.000       ---        ---
  4                 Resource scarcity                  0.511 (0.499)     0.009^c^          −0.011^c^   0.034^c^    1.000      ---
  5                 Resource accessibility             70.149 (60.985)   0.061^c^          0.001^e^    −0.022^c^   0.015^d^   1.000
  6                 Adoption                           0.314 (0.464)     −0.081^c^         0.017^c^    0.297^c^    0.094^c^   0.018^c^

^a^Correlation coefficients between 2 variables are Pearson correlation coefficients.

^b^Not applicable.

^c^*P*\<.001.

^d^*P*\<.005.

^e^Not significant.

###### 

Regression results.

  Variable                               Model 1             Model 2             Model 3
  -------------------------------------- ------------------- ------------------- -------------------
  Constant                               −0.493 (0.011)^a^   −1.095 (0.014)      −1.124 (0.015)
  Age of patient (Age)                   −0.009^b^ (0.000)   −0.009^b^ (0.000)   −0.009^b^ (0.000)
  Gender of patient (Gender)             0.093^b^ (0.010)    0.066^b^ (0.010)    0.066^b^ (0.010)
  Experience with mobile health (EXP)    ---^c^              1.498^d^ (0.012)    1.621^d^ (0.022)
  Medical resource scarcity (MRS)        ---                 0.403^b^ (0.010)    0.430^d^ (0.012)
  Medical resource accessibility (MRA)   ---                 −0.001^b^ (0.000)   −0.001^b^ (0.000)
  MRS×EXP                                ---                 ---                 −0.112^d^ (0.024)
  MRA×EXP                                ---                 ---                 0.001^b^ (0.000)
  Log-likelihood                         255,344.365         236,735.682         236,692.326
  Cox and Snell R-square                 0.007               0.093               0.093
  Nagelkerke R-square                    0.010               0.130               0.130

^a^The values in parentheses are standard deviation.

^b^*P*\<.01.

^c^Not applicable.

^d^*P\<*.05.

Discussion
==========

Principal Findings
------------------

The goal of this research was to explore the impact of external environment (resource scarcity and resource accessibility) on the mHealth adoption and to identify the moderating role of experience. Drawing from channel complementarity theory and attribution theory, we proposed our research hypotheses and conducted empirical research.

The empirical results of our study support all our hypotheses and confirm some previous arguments. In line with previous work, our results indicate that age is negatively and significantly related to the adoption of mHealth services, with young people showing higher acceptance than the elderly \[[@ref2],[@ref13]\]. Extant studies have also demonstrated that gender is strongly associated with mHealth adoption \[[@ref7],[@ref52]\]. In our research, we also identify a statistically significant difference in mHealth adoption between women and men. Overall, women exhibit more positive attitudes toward mHealth services, which has been rarely reported before. One possible explanation is that as the popularity of mobile devices has increased, the technological knowledge gaps between men and women have narrowed, and women are more likely to handle the task of making doctor's appointments for other family members. Existing studies have shown that experience with mHealth is a crucial factor determining the use of mHealth \[[@ref48]\], which is also confirmed by our study. Our results reveal that experience has a significant and positive impact on the adoption of mHealth.

Based on the main effect of our model, empirical results demonstrate that the external environment, characterized here as an environment of medical resource scarcity, has a positive and significant impact on the adoption of mHealth, whereas medical resource accessibility is negative and significant. In our study, medical resource scarcity is assessed based on which medical resource type (chief physician or associate chief physician) a patient selected. These different physician types are of different values to patients, and the fact that patients in China place a higher value on chief physicians and that their numbers are relatively limited both prompt patients to move from offline to online registration to compete for this limited medical resource. Therefore, we observe that resource scarcity is positively and significantly related to the adoption of mHealth. In terms of accessibility, which we measure using the distance from the patient's location to the subject hospital, we find that resource accessibility has a negative and significant impact on the adoption of mHealth. Patients have a higher mHealth adoption rate when medical resource accessibility is low. This result shows that mHealth services play a significant role in the delivery of medical resources and improve the fairness and accessibility of health care in rural and remote areas. Finally, considering the interaction effect in our model, the results indicate that experience with mHealth has a negative moderating role in the relationship between medical resource scarcity and patients' adoption of mHealth, whereas medical resource accessibility has a positive moderating effect.

Contributions
-------------

Our results contribute to the existing literature in several ways. First, we addressed the research gap previously discussed, noting that existing studies about technology adoption have focused mainly on patient-related factors rather than external environments \[[@ref15],[@ref16]\]. On the basis of channel complementarity theory and attribution theory, we conducted an empirical study to analyze the adoption of mHealth from the perspective of resource competition and found that medical resource scarcity and accessibility have significant impacts on the adoption of mHealth. Second, we found that patients have a higher mHealth adoption rate when they must travel greater distances to the hospital. We therefore argue that mHealth has a significant role in health care delivery and medical resource allocation \[[@ref1]\]. Finally, we confirmed that patients' prior experience with mHealth is positively and significantly related to the adoption of mHealth, and we found that experience has a moderating effect in the relationship between resource scarcity, accessibility, and adoption of mHealth.

We also made several useful contributions to the practice and policy surrounding mHealth. As it establishes the important role of mHealth in the delivery and allocation of medical resources, our work provides a theoretical basis for government agencies to develop policies on mHealth. For health care providers and stakeholders, we propose several feasible measures to increase the mHealth adoption rate, which will maintain their advantage and competitiveness in the health care market. Our results also suggest that health care providers and policymakers can take measures to encourage patients to use mHealth services and therefore increase the overall adoption rate, such as cultivating habitual patient use of mHealth services, reducing online registration fees, and taking mobile channel priority.

Limitations
-----------

There are some limitations to our study. First, as the data were provided by one specific hospital, our results may be influenced by this hospital's particular characteristics, and the universal adaptability of our results may be limited. Second, we only used age and gender as our control variables, so we may be lacking some patient-related variables, such as education, income level, and technological competence, which could affect our results. Third, in this study, we used 2 different physician types to measure medical resource scarcity, both of which are expert resources; however, outpatient medical resources in China also include attending physicians, which would be considered more of a general medical resource. In this study, we did not examine the differences between expert and general resources, which could potentially be significant. We plan to incorporate this distinction and further enrich our results in future research.

Conclusions
-----------

In summary, our study confirms that gender, age, and experience are significantly related to the adoption of mHealth, findings which are in line with existing studies. Our empirical results reveal that medical resource scarcity and accessibility have positive and negative impacts, respectively, on the adoption of mHealth. Experience with mHealth plays a moderating role in the relationship between resource scarcity, accessibility, and adoption of mHealth. We hope that further research will enrich our understanding of mHealth adoption and the impact of external environmental factors.
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